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Abstract 
As a renewable energy source, wind turbine generators are considered to be important generation alternatives in 
electric power systems because of their non-exhaustible nature. As wind power penetration increases, power 
forecasting is crucially important for integrating wind power in a conventional power grid. A short-term wind farm 
power output prediction model is presented using fuzzy modeling derived from raw data of wind farm. Using wind 
data from a wind farm in Inner Mongolia of China, an interpretable model which reveal a useful qualitative 
description of the prediction system is developed, and a power forecasting map is illustrated. The comparative study 
of model prediction with different periods is conducted. 
© 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of [name organizer] 
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1.Introduction 
Wind is one of the fastest growing energy sources since it is renewable, abundant and pollution-free. 
The power generated by a wind turbine generator varies randomly with time due to the variability of wind 
speed. In China, by the end of 2009, there were more than 21,000 Wind Turbines (WTs) with an installed 
capacity of 25,800 MW generated [1]. Uncertainty of the wind power and wind power penetration 
increasing will affect system stability and run the risk of blackouts. Therefore, a new operational strategy 
based on precise wind power forecasts is necessary, and it is important for the power industry to have the 
capability to estimate power variations. 
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The fluctuation of wind speed results in rapid changes in the electric power generated by electric wind 
turbines; the forecasting model will inevitably be non-linear. Many different approaches have been used 
to forecast wind farm power, such as an Auto Regressive Moving Average Model (ARMA) [2], a Kalman 
Filter Model [3], an Auto Regressive Integrated Moving Average Model (ARIMA) [4], a Time Series 
Analysis Model [5], and Artificial Neural Networks (ANN) [6]. In this paper, a wind power prediction 
model is presented by using fuzzy modeling due to its advantages of combining explicit knowledge 
representation and data-driven modeling. First, a modified Fuzzy C-Means (FCM) clustering algorithm is 
used to decide the optimal number of fuzzy rules. Secondly, the parameters of input and output 
membership functions are adjusted automatically by a back-propagation algorithm. Case studies 
demonstrate that the prediction model has a good agreement with the measured data and can describe 
input-output relations using a set of rules in the IF-THEN form. 
2. Wind farm modeling 
In this section, major factors affecting wind farm power are analyzed and a prediction model of wind 
farm electric power output is presented. 
2.1.Major factors effecting wind farm power 
Wind farm output power comes from wind power captured by wind turbines. Essentially, wind energy 
is kinetic energy, and it can be calculated using 
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where m  is the air mass ( kg ) and v  is the air speed in the upstream wind direction at the entrance of 
rotor blades ( / sec.m )
Wind power can be derived from kinetic energy of wind using  
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where U  is air density ( 3/kg m ), A  is area swept by rotor blades ( 2m ).
Following the same principle, the actual power extracted from wind turbine blades can be obtained 
using (2), where the air mass flow rate through wind turbine blades dm
dt
 has changed; equation (3) shows 
the new air mass flow rate: 
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where 0v  is the air speed in the downstream wind direction at the exit of the rotor blades ( / sec.m ). 
So the mechanical power extracted from wind turbine blades can be obtained using (2) and (3): 
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where pC  is the rotor efficiency, and it is shown by equation (5)(6) 
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where 0v x
v
 , so we can get its maximum value as follows. 
Differentiating (5) with respect to x,
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From equation (6), the extremum is found to be 1
3
x  , so maxpC can be derived: 
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The maximum value of the mechanical power extracted from wind turbine blades can be derived using 
(4) (7), thus 
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We know that pC  is a function of wind speed, turbine speed and turbine blade parameters, such as 
pitch angle, angle of attack. Therefore, in variable speed wind turbines, rotor speed is varied to hold pC
at its maximum value. Therefore, output power of a wind turbine generator, P  is proportional to maxwindP .
For a fixed wind turbine, the area swept by the rotor blades is constant, so P is proportional to the air 
density U , and the air speed in the upstream wind direction at the entrance of rotor blades v , and U is 
determined mainly by air temperature. Therefore, the major factors affecting wind farm electric output are 
simplified to air speed and air temperature. 
2.2.Prediction model of output power of single wind turbine generator 
In this model, data-driven fuzzy modeling is used to forecast the wind power generated by a wind 
turbine generator.  
As mentioned in Section A, the major factors affecting wind turbine output are air speed and air 
temperature, so they can be used as model inputs, and can be obtained from a Supervisory Control and 
Data Acquisition (SCADA) system installed at a wind farm. Because the forecast is used by the 
operational department of power system, and in order to improve the accuracy of prediction, the historical 
power output collected by the Energy Management System (EMS) can be used as input. The wind power 
can be used as single output. Figure 1 illustrates data flow. 
Figure 1. The sketch map of data flow 
In order to get good prediction precision, the inputs can be expanded into time series of historical data 
of air speed, air temperature and wind power. Therefore, the input parameters of the model 
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are ( )v n , ( 1)v n  … ( )t n , ( 1)t n   … ( )p n , ( 1)p n  and the model output is ( 1)p n  . So the input/output pattern 
can be represented as P(x, y). The number of fuzzy rules can be confirmed by performance of fuzzy 
clustering in this model. [7] 
A fuzzy model is considered as a set of rules in the IF-THEN form to describe input-output relations of 
prediction model. Based on a collection of n data points },...,,{ 21 nPPP , a multi-input and single-output fuzzy 
model is represented as a collection of fuzzy rules in the following form: 
iR : IF 1x  is 1iA  and 2x  is 2iA  ... and sx  is isA  THEN )(xzy ii  ,
where x= ),...,,( 21 sxxx ę sUUU uuu ...21  are linguistic variables, ijA  are fuzzy sets of the universes of 
discourse jU ęR (j=1,2,…,s), iR represents the ith rule, i=1,2,...p, and iy ęV is the output of the ith
rule. Typically, )(xzi  takes the following forms: singleton, i.e. ii bz  , which can be represented as 
Mamdani model, or linear function, i.e. ¦   
s
j
jijii xbbz
1
0 , which is Takagi-Sugeno (TS) model. In this 
paper TS models are used to predict the wind power since a Mamdani model can be considered as a zero 
order TS model under certain conditions. 
The fuzzy logic system with center average defuzzifier, product-inference rule and singleton fuzzifier 
are of the following form: 
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where )( jij xu  denotes the membership function of jx belonging to the ith rule, i.e. 
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where ijV  and ijD  are the center and width of the jth membership function in the ith rule.  
Thus, the relation between the input and output can be rewritten as 
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  Firstly, the number of fuzzy rules is determined by a modified Fuzzy C-Means (FCM) clustering 
algorithm. The FCM algorithm divides a collection of n data points into c fuzzy clusters such that the 
following objective function is minimized: 
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 where m is a fuzzy exponent, iv  is the prototype of the ith cluster generated by fuzzy clustering, iku ę
[0,1] is the membership degree of the kth data belonging to the ith cluster represented by iv , iku ęU, U
is a chn fuzzy partition matrix which satisfies the constraints: 
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So the object of FCM algorithm is to find the best value of c to minimize mJ . But the number of cluster 
c is required to be predetermined. In this paper, an alternative fuzzy partition measure is used as a cluster 
validity criterion associated with the FCM algorithm, which is defined as follows: 
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  The procedure of the FCM algorithm associated with the validity measure is carried out in the product 
space of input-output variables through an iterative optimization of mJ [8].
After completing partition validation, we can obtain both the number of rules and the prototypes of the 
output clusters ),,...,,( 1,21  siisiii vvvvv , where i=1, 2, …, c. Let ),...,(),...,,( 2,121 isiiisiii vvvaaa   a , 1,  sii vz , then 
the vector ia  denotes the prototype of the ith fuzzy partition in the input space, and it can also be viewed 
as the center values of Gaussion membership functions in the antecedent of the ith rule, while iz  is the 
prototype of the ith fuzzy partition in the output space, and denotes the fuzzy output value in the 
consequent part of the ith rule. 
  After confirming the structure and obtaining the model parameters, we can build the fuzzy model 
implemented by a RBF network with m input and c neurons in hidden layer. Each neuron represents a 
fuzzy rule: 
iR : IF 1x  is 1iA  and 2x  is 2iA  ... and sx  is isA  THEN iy  is iz
  where ijA  denotes the Gaussion membership function centered at ija , ija ęa, and iz  is the ith rule 
output of the model. 
  The next step is to optimize the parameters of the model. In this paper, we adopt the back-propagation 
based approach to optimize the parameters ija , ijV and iz  in combination under the performance index of 
root mean square error [9]. After parameter learning, the final prediction model is obtained. 
2.3.Prediction model of output power of wind farm 
Wind farms consist of several wind turbine generators (WTGs) and the power output of a wind farm is 
the total power of each turbine. In order to predict the electric power of wind farm, we can divide a wind 
farm into several wind turbine generation units, and the power of each unit is predicted first and then the 
outputs of all of the units are aggregated to calculate the wind farm power [10]. 
3.Case study 
In this section, we give an example of the wind power prediction by means of fuzzy modeling with real 
measured data obtained from a wind farm in Inner Mongolia of China. This wind farm consists of 35 
wind turbine generators with 29.8 MW. In order to validate the performance of this model, the 
power output of a wind turbine generator is predicted. Wind speed data is measured using the 
anemometer on the end of the nacelle of a WTG at a height of about 80 meters and the air 
temperature is measured by the thermometer. Data is saved continuously in the SCADA system. The 
sampling period of the data is 10 minutes, thus 6 data points are collected per hour.  
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In this example, the prediction model is used to forecast the wind output power and we can 
compare the performance and error with different prediction periods. The model is designed using 
MATLAB.  
The measured data from 25 days are used as original data to train and validate the model. The data 
arising from the first 20 days are used to train the model and the data arising from the last 5 days are 
used to validate the trained model. We use the data during the latest 3 prediction periods as input to 
the model to predict wind power over the next period. The period can be regulated in half an hour, 
an hour, two hours, etc.  
The prediction model starts from zero initial state. The wind speed variables )(nv )1( nv )2( nv ,
temperature variables )(nt )1( nt )2( nt  and historical power output ( )p n ( 1)p n  )2( np  are considered 
as input. The model output is )1( np . After rule-base generation and parameter learning, an 8-rule 
fuzzy model is obtained. The final fuzzy model is obtained as shown in Figure2. 
Figure 2. The final fuzzy model of prediction modeling 
Figure 3 and Figure 4 show the results of the wind power prediction whose periods are 1hour and 0.5 
hour respectively. Red line represents real measured power output and blue dots represent the predicted 
power at prediction points. Comparing Figure 3 and 4, we find the result in Figure 4 is superior to that in 
Figure 3. In Figure 4, the predicted and measured values are almost entirely consistent because the 
prediction period is shorter than that in Figure 3, the correlation of previous weather and current weather 
is smaller, it will improve the prediction accuracy. Therefore, the prediction accuracy and the prediction 
period are closely related. 
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( )
Figure 3. Real measured and predicted wind power (prediction period=1 hour) 
Figure 4. Real measured and predicted wind power (prediction period=0.5 hour) 
The maximal power output of the wind turbine generators is 850kW. Table 1 shows the 
root-mean-square error (RMSE) of the prediction model for different prediction periods using the 
proposed fuzzy model and backpropagation neural network model. It can be seen that the fuzzy model has 
better performance. When the prediction period is 0.5 hour, the fuzzy model attains the highest prediction 
precision. This period can meet the needs of operational department in power system. 
TABLE ĉ. Comparison of prediction errors for different prediction periods in each model 
Fuzzy Model NN Model Prediction 
period RMSE train RMSE test RMSE train RMSE test 
0.5hour 55.2834 78.2315 93.6025 99.4279 
1hours 55.7073 118.6786 135.0132 193.4415 
2hours 64.8351 136.9822 182.6726 234.4822 
4.Conclusion  
Based on the historical data of a wind farm, the application of a fuzzy model for wind power prediction 
is carried out. It has been found that wind power can be successfully predicted using fuzzy model. The 
prediction by use of the fuzzy model has the smaller error when the period is 0.5 hour. The model not 
only maintains good prediction accuracy but also provides an interpretable model structure which 
contains several rules, from which it may also reveal a useful qualitative description of the prediction 
system. With more parameters, the model can forecast power output better. Further studies will be carried 
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out to improve this simplified model, such as considering effects of other factors which are wind 
direction, humidity, etc. 
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